The main objective of this paper is testing the reliability of a two dimensional numerical model of Solid Oxide Fuel cell using COMSOL (FEMLAB 3.1) 
Introduction
A fuel cell is an electrochemical device that converts a chemical energy (stored in a fuel) into electrical energy (Direct current) without intermediate process (Fuel Combustion) . Fuel cell is considered not only friendly to environment from air pollution point of view but also it is does not exhibit sound pollution because of its missing moving parts.
The performance of an anode-supported solid oxide fuel cell (SOFC) studied by Hui-Chung Liu et al., is considered in this work [1] . The fluid dynamics simulation code, Star-CD with es-sofc, was used to verify the performance curve of a solid oxide fuel cell acquired by experimental measurements. The detailed characteristics (including current density and fuel concentration distribution, and fuel utilization) of SOFC were investigated in this study.
Numerical modeling of solid oxide fuel cells has been demonstrated by Thinh X. Hoa, et al. [2] A detailed numerical model has been formulated for, and applied to solid oxide fuel cells (SOFCs). In this model, the transport of oxygen ions was modeled as a Fickian diffusion process mimicking the effect of the potential in the cell. The output cell voltage was based on the electric potential difference between the cathode and anode current collectors, which were fixed as constants. The "effective concentration" of ions was computed and then converted into ionic phase potential, making it possible to determine the potential losses due to activation and ohmic resistance.
In the present study the 2-D numerical simulation of a node-supported SOFC has been developed by using FEMLAB 3.1 commercial software. The parametric study has been carried out by using the developed model to achieve the optimum operating conditions at different circumferences of SOFC operations Estimating an unknown function from a set of input-output (I/O) data pairs has been and is still a key issue in a variety of scientific and engineering fields. The concept of system modeling is closely related to interpolative input-output mapping, pattern classification, case based reasoning, and learning from example. In fact, the problem of system modeling is only a part of a more general problem-the problem of system identification.
Levenberg-Marquardt model
The mentioned back propagation algorithm uses the gradient of the performance function to determine how to adjust the network weights to optimize the performance. An iteration of this algorithm is as follows:
Where i X is a vector of current weights and biases, () fx  is the current gradient, and i  = learning rate Levenberg-Marquardt learning algorithm LMA was used in this paper [8] . LMA operates in batch mode (all inputs are applied to the network before weights are updated). It's faster and more accurate than standard back propagation algorithms in which it outperforms simple gradient descent and other conjugate methods in a wide variety of problem [9] . The merits of Backpropagation are that the adjustment of weights is always toward the descending direction of the error function and that the adjustment only needs some local information such as the activation of the input neuron, the activation of the output neuron and the current connection weight. LMA can locate the minimum of a multivariable function that is expressed as the sum of squares of non-linear real-valued functions [10, 11] . It has become a standard technique for non-linear least-squares problems [12] .
LMA interpolates gradient descent and the Gauss-Newton method. When the current solution is close to the correct one, it becomes a Gauss-Newton method. When the current solution is far from the correct one, the algorithm becomes slow but guaranteed to converge behaving like a steepest descent method.
The Levenberg-Marquardt algorithm was designed to approach second-order training speed without having to compute the Hessian matrix just like the Newton method. When the performance function has the form of a sum of squares (as it is typical in training feed forward networks) equation (2), then the Hessian matrix can be approximated as equation (3) 2 1
and the gradient can be computed as
where J is the Jacobian matrix that contains first derivatives of the network errors with respect to the weights and biases, and e is a vector of network errors.
The Jacobian matrix can be computed through a standard back propagation technique that is much less complex than computing the Hessian matrix.
The Levenberg-Marquardt algorithm uses this approximation to the Hessian matrix in the following Newton-like update:
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When the scalar μ is zero, it is just Newton's method, using the approximate Hessian matrix. When μ is large, this becomes gradient descent with a small step size. Newton's method is faster and more accurate near an error minimum, so the aim is to shift towards Newton's method as quickly as possible. Thus, μ is decreased after each successful step (reduction in performance function) and is increased only when a tentative step would increase the performance function. In this way, the performance function will always be reduced at each iteration of the algorithm.
Mathematical Model
A solid oxide fuel cell (SOFC) consists of anode, cathode and an ionic conductor (electrolyte). The oxygen diffuses through the porous cathode and fuel, (hydrogen) diffuses through the porous anode. The oxygen at cathode accepts the electrons from the external circuit to form oxide ions. The oxide ions conducted through the electrolyte interface surface and combine with the hydrogen to form water. Then the electrons are released in this process flow through the external circuit back to cathode. The reactions in a hydrogen consuming SOFC are: 
The governing equations which will be used to study mass transport and electrochemical reaction in SOFC are as follows: Electronic current balance in cathode and anode by using conductive media DC equation;
1. Ionic current balance in electrolyte and the two electrodes by using conductive media DC equation; 2. Mass balance, Maxwell-Stefan equation will be used at the two electrodes, electrodes, and 3. Momentum equation, Darcy's law applied to study the flow in porous media, electrodes
The mass balance at steady state in the macroscopic structure is according the following equation: 
in the two electrodes The density of the oxidizer (air) in the cathode can be calculated as follows:
The equation (12) The Maxwell-Stefan diffusivities can be described for cathode and anode with an empirical equation as showed by [13] , based on kinetic gas theory as follows: For the gas mixture in the cathode: 
For the gas mixture in the anode, the equation (13) In the porous cathode and anode, the effective binary diffusivities depend on the porosity (  ), of the two electrodes according to:
The balance of the current induced by the migration of oxide ions and hydrogen ions in the two electrodes can be written as: 
The equation (16) 
The exchange current density for the reaction can be computed as follows: Equation (20), (21) were used in several papers [15, 16, 17] .
In the electrolyte, the reaction term Q is eliminated and equation (15) can be used for electrolyte: The electronic conduction at the two electrodes is defined as follows:
And for anode , cat is replaced by an
The momentum equation for flow in porous media, Darcy's law will be used, which states that the velocity vector is determined by the pressure gradient, the fluid viscosity and the structure of the porous media as follows:
The Darcy's law application mode combines with continuity equation and equation of state for ideal gas to obtain the following equation
The permeability ( p K ) of the porous media can be calculated as shown by [18] as follows: 
For given flux And equation (23) can be used for insulation/symmetry by eliminating
For convective flow Conductive media DC application boundary conditions . n n J J  
Results and Discussion
In the proposed work, two layers feed forward neural network with five nodes in hidden layer were utilized. Levenberg-Marquardt learning algorithm was used to adjust the network weights provided 19 sampled data with 60% of samples used for training, 20% for testing and 20% for validation. The designed feed forward neural network has one input node representing current density (mA / cm 2 ) and one output node representing voltage.
The proposed NN model was applied to SOFC considering one input and one output which is the voltage. Training process provides a high learning capability with an acceptable ability to model the SOFC fuel cell system as shown below through figures 1-4 For cell operating temperatures 750 o C, and 800 o C respectively. It is observed that the proposed NN with Levenberg-Marquardt learning algorithm behaves very well in modeling SOFC at the two temperatures compared to the measured experimental data. Modeling SOFC using suggested Numerical model using FEMLAB 3.1 commercial software showed acceptable performance compared to the experimental data. The deviation between numerical data and experimental data was due to considering the temperature is constant inside the SOFC.
Conclusions
Two layers feed forward neural network was examined for the purpose of modeling the Solid Oxide Fuel Cell (SOFC) to test the reliability of a two dimensional numerical model of SOFC.
The proposed NN model using Levenberg-Marquardt learning algorithm showed high performance in modeling SOFC. However, the suggested numerical model using FEMLAB 3.1 commercial software demonstrated acceptable performance in modeling SOFC and to increase the performance of this model, it is important to consider the energy equation for the SOFC.
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